In the Netherlands the current dike design policy is to design flood defence structures corresponding to an agreed flooding probability with an extra safety board of at least 0.5 m. For river dikes a return period of 1,250 years is used to determine the design water levels. A problem with this strategy is that it builds on assumptions with regard to the intrinsically uncertain probability distributions for the peak discharges. The uncertainty is considerable and due to (1) the measuring records that are limited to about 100 years and (2) the changing natural variability as a result of climate change. Although the probability distributions are regularly updated based on new discharge data the nature of the statistics is such that a change in the natural variability of the peak discharge affects the probability distribution only long after the actual change has happened. Here we compare the performance of the probabilistic dike design strategy with the older strategy, referred to as the 'self-learning dike'. The basic principle of the latter strategy is that the dike height is kept at a level equal to the highest recorded water level plus a certain safety margin. The two flood prevention strategies are compared on the basis of the flooding safety over a 100-year period. The Rhine gauge station at Lobith serves as case study. The results indicate that the self-learning dike performs better than the probabilistic design in terms of safety and costs, both under current and climate change conditions.
water level corresponding to the return period for overtopping of the dikes, which is increased with a safety board of at least 0.5 m (TAW 1985; MTPWWM 2005a ; Van der Most et al. 2005) . The exceedance frequencies are differentiated over the country. Roughly, in the western part of the country an exceedance frequency of once per 10,000 years is applied; for coastal flood defence works in the south-western and northern parts of the country an exceeding frequency of once in 4,000 years is maintained; for river dikes it is once in 1,250 years and in the intermediate area that is potentially affected by both coastal and river floods a return period of 2,000 years is used.
By law the design water levels are re-evaluated every 5 years to deal with uncertainties with respect to the actual peak discharge variability and to respond to climate change. A problem encountered here is that the statistical distributions for the peak discharge are extrapolations derived from limited time series of discharge data. The knowledge about discharges and water levels with a return period of 1,250 years is limited because historic data are available for a 100-year period only. Furthermore, the volume and variability of peak discharges are subject to change due to factors such as climate change and changing upstream flow conditions. Due to climate change the peak flows in the lower Rhine corresponding to return times of 100-1,000 years are expected to increase by 5-8% over the next 50 years . As an extreme scenario the design discharge at Lobith could increase from 16,000 to 20,000 m 3 s -1 in the year 2100 . In the probabilistic design a change in the discharge regime will only lead to a different design long after the change took place, even if the discharge statistics are regularly updated. It is therefore inherent to this strategy that the actions taken to reduce the flood risk are not anticipatory but following.
Meanwhile, in the Netherlands the awareness is growing that the social-economic development and changes in the physical conditions during the second half of the 20th century call for a more balanced flood defence strategy, which addresses not only the probability of flooding but also the consequences if flooding would occur (Ten Brinke and Bannink 2004; MTPWWM 2005a; Van Manen and Brinkhuis 2005) . Notwithstanding this shift in thinking-from reducing exceedance probability towards reducing the flooding risk as a whole-dikes will remain a key element of flood defence management in the Netherlands. In this context, the current paper evaluates the usefulness of the probabilistic dike design policy against the background of the older design philosophy, which was to apply a safety margin on top of the highest water level ever recorded. We refer to this older design philosophy by the term 'self-learning dike', where 'self-learning' refers to the fact that dike adjustments immediately follow actual extreme flood levels. Metaphorically speaking, the dike learns through monitoring actual water levels and adapting according to a simple rule, without applying any statistics.
A comparison between the probabilistic flood prevention strategy and the self-learning strategy has been carried out for the case of the border gauge Lobith of the Rhine river. The endangered dike ring area 48 ''Rijn and IJssel'' has a total dike length of 57 km. In case of flooding the worst case estimate of the flood damage is 6.8 billion euro (Eijgenraam 2005) . The historic discharge time series for the period 1901-1998 ) are taken as a basis for estimating the probability of high discharges. This forms the starting point for simulating future peak discharges over a 100-year period. The two dike heightening strategies are compared for three different scenarios for the peak discharge statistics. The dike strategies are:
A. The probabilistic design with a safety board of 0.5 m and adaptation of the discharge statistics every 5 years and B. The self-learning dike with adaptation if the water level exceeds the actual dike height minus a safety margin.
The three scenarios differ in terms of the statistical distribution applied when generating the future peak discharges:
1. Current peak discharge statistics without including uncertainty; 2. Peak discharge statistics with uncertainty included; 3. Gradual climate change trend with slowly increasing peak discharges.
The results of the simulations are compared on the basis of the average number of dike overtopping instances, the average number of times the dike has to be heightened, and the total extra height added to the initial dike height during the 100-year simulation.
Methodology

Statistical analysis of peak discharges
The comparison of the different dike heightening mechanisms is based on extension of the historical discharge data for the gauge station at Lobith. A time series of the yearly maximum discharges (Fig. 1) is available for the period 1901-1998 ). The complete time series has been homogenised so as to represent the river condition of 1977 (Lorenz and Kwadijk 1999; Parmet et al. 2001) .
The homogenised peak discharge data have been used to derive the parameters for the Gumbel Extreme Value distribution (Bury 1999; Shaw 2002) with the cumulative probability distribution: Fig. 1 Homogenised peak discharge data for the period 1901-1998 for the gauge station Lobith of the Rhine River Nat Hazards (2008) 47:217-228 219 FðQÞ ¼ Pr ob ðq max QÞ ¼ expðÀ expðÀbðQ À aÞÞ ð1Þ
where Q is the peak discharge in m 3 s -1 and a and b are the moment estimators for the parameters of the Gumbel distribution (Bury 1999; Shaw 2002) :
where l and r 2 are the sample mean and variance. The stationary Gumbel distribution is justified here because statistical analysis using the Spearman ranking test did not reveal a significant trend in the historic discharge time series. In addition application of the probability plot correlation test statistic (Stedinger et al. 1993) to the discharge data proved that the historic discharge data could be described with a Gumbel distribution. For the simulated extension of the peak discharge time series in the first two scenarios there is no trend as well. For the scenario with a gradual climate change the probability distribution becomes non-stationary (Khaliq et al. 2006) . In this case the Gumbel parameters a and b are made time dependent by means of multiplication with a common factor, which ensures the chosen design discharge is reached after 100 years.
For the initial year of the simulation the values a = 5,170 m 3 s -1 and b = 6.584 9 10 -4 m -3 s -1 were determined from the rescaled discharge data to ensure that the 1,250-year design discharge corresponded to the value of 16,000 m 3 s -1 at Lobith, which was agreed upon in 2001 (MTPWWM 2005b) . The variance of these two parameters can be approximated by:
where N is the peak discharge sample size (Bury 1999) . The return period for a peak discharge Q is then given by
Figure 2 shows the return period for the fitted Gumbel distribution with the 95% confidence limits against the peak discharge data after rescaling, represented by the Gringorten plotting positions according to (Shaw 2002) :
where r i is the rank of the peak discharge q i in year i, and N is the length of the time series.
The significance of the uncertainty as shown in Fig. 2 is widely acknowledged Shaw 2002; MTPWWM 2005a) . Recognition of this uncertainty is a key motivation for the self-learning dike management strategy.
Simulation of overtopping
Once the representative Gumbel probability distribution was established the parameters were used to simulate an artificial 100-year time series following the historic period. For each year the new discharge is simulated by:
where Q(t) is the discharge in year t, F -1 (x) the inverse of the cumulative distribution function of Eq. 1 that is determined from the extended discharge record, and x t a random uniform number in the range [0,1].
To obtain a reliable estimate of the probability of overtopping during the 100-year period the simulations were repeated 10 5 times. This number of iterations ensures that the values of l and r for the simulated discharge approach the parameters of the Gumbel distribution within less than 1.5%. For any year the water level corresponding to the discharge is determined from the known stage-discharge relationship (Fig. 3) for the gauge station at Lobith, which is an extrapolation of the stage-discharge relationship based on Schielen (2007) and Van den Brink et al. (2007) . Obviously, the extrapolation of the stagedischarge relationship for extreme discharges, which have not been observed so far, is subject to some uncertainty and will influence the quantitative outcomes of the analysis. For the conclusions of this study, however, the shape of the stage-discharge relationship is not relevant. This water level is first compared with the existing dike height to determine whether overtopping occurs. Depending on the dike management strategy chosen the water level is also used to adapt the dike when necessary (see Sect. 3). The results of the simulations are used to determine the average probability of overtopping during a 100-year period for each combination of the dike strategies and discharge scenarios.
Costs of dike heightening versus expected flood damage
Although we are primarily interested in this paper in the safety provided by both dike strategies, measured by the expected number of overtopping instances in the coming century, we also estimated for both strategies the costs of dike heightening and the prevented flood damage. The investment costs of heightening the dikes along the complete 57km length of the dike for dike ring 48 have been obtained by extrapolation of the Hazards (2008) 47:217-228 221 investment costs given by Eijgenraam (2005 , Table 3 .6 and Appendix C). For dike ring 48 the fixed investment costs are 0.5 9 10 6 euro, whereas the variable investment costs are 1.2 9 10 6 euro per km length of dike for an extra dike height of 50 cm, 1.8 9 10 6 euro per km length of dike for an extra dike height of 75 cm, and 3.0 9 10 6 euro per km length of dike for an extra dike height of 100 cm, respectively.
Experiments
Dike heightening strategies
The two dike heightening strategies differ in the rule that governs the heightening of the dike. The probabilistic approach is based on the Design Flood Level (DFL), which is the water level corresponding to a flood return time of 1,250 years, plus a safety board of 0.5 m. The DFL is calculated on the basis of the historic record 1901-1998, and updated every 5 years by determining again the peak discharge probability distribution with the additional discharge data added to the existing time series. In the self-learning design strategy the dike height is compared with the highest water level that occurred so far. If this water level exceeds the existing dike height minus a safety margin s, the dike is heightened to the water level plus this safety margin. Obviously, a larger safety margin leads to a safer but more expensive dike design. For this analysis the safety margin has been taken equal to the dike height for the probabilistic dike design (including the safety board) minus the largest historic water level. This ensures that the initial dike height is identical for both strategies.
Currently the design flood level for a 1,250-year flood near Lobith is 17.93 m above NAP (based on the Gumbel distribution and stage-discharge relationship used in this Fig. 3 Stage-discharge relationship for the Rhine gauge station at Lobith based on Schielen (2007) and Van den Brink et al. (2007) study). With a safety board of 0.5 m, this means that the dike height should be 18.43 m above NAP according to the current probabilistic strategy. The highest historic discharge at Lobith is, taking the homogenisation that was mentioned into account, 12.849 m 3 s -1 and was observed in 1926 ). This discharge corresponds to a water level of 16.59 m above NAP, based on the stage-discharge relationship and discharge statistics used here. With the requirement of identical initial dike heights for both strategies this implies that the safety margin s of the self-learning dike must be 1.84 m, which seems reasonable. With this safety margin an overnight shift from the current probabilistic strategy to the self-learning strategy will not imply that the dikes need to be heightened immediately.
Discharge scenarios
The performance of the two dike heightening strategies has been evaluated based on three different discharge scenarios: a scenario without uncertainty in the probability distribution function, a scenario including uncertainty and a scenario with a gradual increase of the design discharge to reflect the effect of climate change.
Scenario 1: Current peak discharge variability without uncertainty
This scenario is represented by the central estimate of the Gumbel distribution of the peak discharges as shown in Fig. 2 . The scenario consists of a 100-year time series of randomly drawn discharge values based on Eq. 6, ignoring uncertainty in the probability distribution function. This simulation is repeated 10 5 times, after which the average number of times that the dike overtops during 100 years is obtained.
Scenario 2: Current peak discharge variability with uncertainty
The second scenario accounts for the uncertainty in the peak discharge statistics, as shown by the 95% confidence interval in Fig. 2 . The scenario is identical to scenario 1, but first the Gumbel parameters a and b are drawn from a normal distribution with a mean and variance according to Eqs. 2,3. For every year in each simulation, a random set of values for a and b is taken as input to the Gumbel distribution that is subsequently used to draw a discharge from. This scenario simulates the uncertainty in the probability distribution but without a systematic change in the discharge range that can be attributed, for example, to climate change.
Scenario 3: Gradual climate change
Here the parameters of the Gumbel distribution are increased gradually up to a value corresponding to a design discharge of 18,000 m 3 s -1 for the year 2100. This value is considered to be the theoretical maximum discharge for Lobith (MTPWWM 2005b) . This scenario simulates the effect of climate change on the discharge probability distribution, leading to a higher probability of all peak discharges. The change is introduced as a linear increase from the initial year onwards.
Results
The safety performance and necessity to heighten the dikes of both strategies has been recorded over the period of 100 years (Table 1 ). The results indicate that, on average, the self-learning dike performs better in terms of safety and requires less adaptations of the dike height. The average extra height per adaptation and total extra height after 100 years, however, are larger for the self-learning dike. The expected number of overtopping instances is lower in the case of the self-learning dike in all three scenarios, but the improvement is largest in case of the climate change scenario, in which the self-learning dike shows a 21% reduction of overtopping instances when compared to the probabilistic dike. The reason is that the self-learning dike responds faster to climate change than the probabilistic dike. Table 2 shows the discounted costs and expected flood damage for both dike strategies, based on the average of 100,000 simulations. The average flood damage is based on a 2% annual economic growth rate as used by Eijgenraam (2005 Eijgenraam ( , 2006 . The Net Present Value is based on an effective discount rate of 4% (Eijgenraam 2005 (Eijgenraam , 2006 ) and determined from:
where C(t) are the investment costs in year t, D(t) is the flood damage in year t and r is the discount rate. For the probabilistic design the fixed investment costs are larger than for the self-learning dike, whereas the variable costs of dike heightening are smaller. As expected the flood damage due to dike overtopping is smaller for the self-learning dike due to the higher safety level. The total expected costs (sum of investment costs of dike heightening and flood damage) are always a bit smaller for the self-learning dike. Compared with the damage incurred without dike heightening the total costs are only lower for the selflearning dike for the scenario with climate change. Figure 4 shows the year-by-year development of the average costs of dike heightening, number of dike overtopping instances, flood damage and total expected costs for both dike strategies for the climate change scenario with a gradual increase of the design discharge to 18,000 m 3 s -1 . For the self-learning dike the average costs of dike heightening show no trend, whereas for the probabilistic design the costs decrease first due to the increased safety level with corresponding higher dikes, after which the costs increase again due to the change in the discharge statistics as a result of climate change. Fig. 4 Average investment costs of dike heightening, number of overtopping instances, flood damage and total expected costs for the probabilistic strategy (blue) and the self-learning dike (red) over the 100-year simulation period. The discharge statistics correspond to a gradual increase of the design discharge from 16,000 to 18,000 m 3 s -1 (scenario 3) Nat Hazards (2008) 47:217-228 225 
Discussion
Although flood defence policy is shifting towards a risk-oriented approach, in which both the probability of a flood and its consequences are accounted for (Ten Brinke and Bannink 2004; MTPWWM 2005a) , we only considered dike overtopping as a failure mechanism, with dike heightening as a measure. The reason is that the outcomes of a full risk analysis are very sensitive to the level of spatial detail of the analysis and the extent to which all failure mechanisms are included, and is still subject to considerable uncertainty (Hoekstra 2005) . Heightening dikes will remain one of the key measures available to risk managers, which makes it important to examine which approach can most effectively deal with the uncertainties inherent to river peak discharges. The effectiveness of the probabilistic dike design strategy has been compared with the self-learning dike strategy on the basis of the average number of overtopping instances over a 100-year period. The results of the simulations clearly indicate that the safety level and total expected costs of the self-learning dike are somewhat lower than for the probabilistic design, although the self-learning dike requires larger adaptations.
Under conditions of uncertain or gradually changing discharge statistics, the average safety performance of the self-learning dike is also better than for the dike based on a probabilistic design. Uncertainties with respect to the current and future peak discharge conditions reduce the effectiveness of the probabilistic dike design. Hence, the advantage of the self-learning dike is larger if, for example, the natural variability of peak discharges in a river is higher (because this results in larger uncertainties in the peak discharge probability distribution function). The benefit of the self-learning dike is also higher if the natural discharge statistics are likely to change but difficult to predict (as in the case of climate change). The underlying reason is that the self-learning dike responds faster to climate change than the probabilistic dike. The Rhine is one of the best studied rivers in the world and not one with a particularly high variability of peak discharges (compared to other rivers in the world), so it is likely that the results found in this study with the Rhine at Lobith as an example will also be applicable to other rivers. The exact outcomes of the simulations depend on the shape of the stage-discharge relationship and the peak discharge statistics for the case study at hand, as well as the probabilistic design criterion.
In case of another river or river location, a different stage-discharge relationship will apply and the volumes and variability of the historically recorded peak discharges will be different. This will result in a different design flood level for the probabilistic approaches and another Q max and H max as design criterion for the self-learning approach. Without a change of the discharge statistics a steeper stage-discharge relationship results more frequently in exceedance of the criterion for dike heightening, and hence requires a smaller safety margin for the self-learning strategy to obtain the same level of flood safety.
A lower safety standard (for example overtopping once in 250 years) or the absence of a safety board requirement will result in a lower initial dike height for the probabilistic strategy. In this case the relative performance of the self-learning dike will increase because the dike height does not depend on the probability of overtopping. For a higher safety standard the opposite will occur.
If river engineering measures aimed at increasing the discharge capacity of the river are implemented, this will-given a certain peak discharge-result in a lower water level than before the measure was implemented. For the self-learning dike this means that the highest peak discharge recorded before the measure was implemented can be adjusted downwards in correspondence to the expected water-level reducing effect of the measure.
The effect of a change in the peak discharge statistics on the performance of the selflearning dike strategy is already clear from the comparison of the results for scenarios 2 and 3 with the results for scenario 1. More frequent peak discharges and higher peak discharges act in favour of the self-learning approach. On the other hand, the differences with the probabilistic strategies will be smaller for a river with a more moderate discharge regime. The presence of uncertainty in the discharge regime is widely acknowledged and is the key motivation for the self-learning dike strategy. Accepting that there are intrinsic uncertainties related to peak discharges, the self-learning dike strategy is to increase the dike height in response to actual peak water levels rather than to act based on the outcome of a probabilistic analysis that excludes such uncertainties.
Other advantages of the self-learning dike are that its rule for response is very simple and that it requires a record of the peak water levels only. The self-learning dike design does not depend on uncertainties in the extrapolation of discharge statistics, nor on the use of an uncertain stage-discharge relationship. This contrasts with the probabilistic approach which requires advanced methods of calculation in addition to the actual monitoring of water levels; although the idea of the probabilistic approach-guaranteeing a predefined safety level-is attractive, the uncertainties in the actual and future peak discharge statistics make it practically impossible to actually guarantee that safety level. Although the simpler approach of the self-learning dike does not give a pre-defined guarantee of a fixed safety standard, it provides transparency and a higher level of safety in practice. Besides, in terms of safety communication towards the protected population the rule of the selflearning dike seems to be fairer: it is clearly visible how high the dike should be (a safety margin beyond the highest recorded water level) and it does not promise more than it can fulfil. The probabilistic strategy, on the contrary, suggests a certain safety level (in terms of the exceedance probability), but one is not able to guarantee this due to the uncertainties in the calculations and the slow response to changes in the discharge regime.
